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Abstract; With convolutional neural network models becoming more and more complex, the types of
training data become more and more abundant, and the amount of data increases rapidly, a single ma-
chine has been unable to meet the needs of model training, and distributed CNN has become the new
solution. Under a parameter server architecture, distributed CNN model training will produce a large
amount of communication data, which may generate burst traffic after each iteration, resulting in net-
work congestion. In TensorFlow, a graph based computing platform, the order of receiving parameters
between nodes is random. Because the data flow model may have multiple feasible traversals, in order
to avoid the calculation blocking caused by the incomplete receiving of parameters and minimize the it-
eration delay, this paper designs a fine-grained scheduling mechanism based on computation graph
and parameter priority. A heuristic algorithm is proposed to enforce the optimal order of all nodes in
the computational graph. By improving the overlap of communication and computation, fine-grained
parameter scheduling is realized. Vggl6 and ResNet32 are tested and compared. The experimental re-

sults show that the fine-grained parameter scheduling algorithm can shorten the iteration time by about
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7% ~22% , so as to alleviate the network bottleneck and improve the training performance of distribu-

ted CNN model.
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